Objective: Observational studies analyzing multiple exposures simultaneously have been limited by difficulty distinguishing relevant results from chance associations due to poor specificity. Set-based methods have been successfully used in genomics to improve signal-to-noise ratio. We present and demonstrate medication class enrichment analysis (MCEA), a signal-to-noise enhancement algorithm for observational data inspired by setbased methods. Materials and Methods: We used The Health Improvement Network database to study medications associated with Clostridium difficile infection (CDI). We performed case-control studies for each medication in The Health Improvement Network to obtain odds ratios (ORs) for association with CDI. We then calculated the association of each pharmacologic class with CDI using logistic regression and MCEA. We also performed simulation studies in which we assessed the sensitivity and specificity of logistic regression compared to MCEA for ORs 0.1-2.0. Results: When analyzing pharmacologic classes using logistic regression, 47 of 110 pharmacologic classes were identified as associated with CDI. When analyzing pharmacologic classes using MCEA, only fluoroquinolones, a class of antibiotics with biologically confirmed causation, and heparin products were associated with CDI. In simulation, MCEA had superior specificity compared to logistic regression across all tested effect sizes and equal or better sensitivity for all effect sizes besides those close to null. Discussion: Although these results demonstrate the promise of MCEA, additional studies that include inpatient administered medications are necessary for validation of the algorithm. Conclusions: In clinical and simulation studies, MCEA demonstrated superior sensitivity and specificity for identifying pharmacologic classes associated with CDI compared to logistic regression.
OBJECTIVE
To demonstrate medication class enrichment analysis, a set-based approach for simultaneously analyzing the association of multiple medication exposures with a single outcome using electronic medical records.
BACKGROUND AND SIGNIFICANCE
Traditionally, pharmacoepidemiologic studies have sought to study the effect of a single exposure on a single disease. Over the past decade, the widespread adoption of electronic medical records in clinical practice has created the opportunity to improve the efficiency of pharmacoepidemiology research by studying multiple medication exposures simultaneously. 1 Major challenges of simultaneously analyzing multiple exposures from electronic medical record data include adjusting for multiple hypothesis testing, avoiding propagation of systematic bias across many results, and distinguishing biologically relevant findings from chance associations. Other fields, such as genomics, 2,3 metabolomics, 4 and transcriptomics, 5 have addressed these issues by using set-based algorithms to improve the interpretability of results from studies analyzing multiple exposures simultaneously.
We have developed a novel technique, medication class enrichment analysis (MCEA), to address the challenge of distinguishing biologically relevant findings from chance associations in studies analyzing multiple pharmacologic exposures simultaneously. MCEA is derived from gene set enrichment analysis (GSEA), a setbased technique used in genomic studies to apply mechanistic biologic information to genome-wide association study results. By organizing the association of a disease phenotype with single-nucleotide polymorphisms (SNPs) into gene sets composing genetic pathways, 2, 3 GSEA reduces the likelihood of chance associations. Analogously, MCEA is applied to pharmacoepidemiologic data. The medications are categorized into pharmacologic classes based on mechanism of action and medical indication, and through MCEA, the classes are analyzed for association with the disease.
In this study, we compare MCEA to logistic regression to determine whether using MCEA provides better sensitivity and specificity for identifying positive and negative medication associations when analyzing multiple exposures simultaneously. We use Clostridium difficile infection (CDI) as a motivating example. CDI is associated with antibiotic use and recent hospitalization at acute-care or long-termcare facilities. 6 Some studies have also demonstrated an association with acid-suppressing medications such as histamine-receptor antagonists and proton-pump inhibitors. 7, 8 Recently, the incidence of CDI has been increasing, especially among patients without nosocomial exposure. 9 ,10 Additionally, we use simulation methods to estimate the sensitivity and specificity of MCEA vs logistic regression for determining the association of pharmacologic class exposure with CDI.
MATERIALS AND METHODS

Medication-class enrichment analysis algorithm
The MCEA protocol was developed by adapting the GSEA method. 2, 3 In genome-wide association studies, multiple casecontrol studies are performed to find associations of SNPs with a disease phenotype. GSEA organizes SNPs into known genetic pathways based on the rationale that if multiple SNPs in a pathway are associated with the phenotype, the individual associations have more biologic plausibility. Analogously, MCEA organizes individual medications into pharmacologic classes based on mechanism of action. The rationale for organizing medications in this manner is that if multiple medications with the same mechanism of action are associated with the disease, there may be a molecular mechanism for the association. A conceptual model illustrating the rationale for using the MCEA algorithm is presented as Figure 1 . The MCEA algorithm is described below and illustrated in Figure 2 . The input to MCEA is a list of medications with odds ratios (ORs) describing the association of the medication with the disease under study using case-control study results. Medications are identified using level 5 Anatomic Therapeutic Chemical Classification System (ATC) codes, which correspond to their active ingredients. Each medication is assigned a pharmacologic class using level 4 ATC codes. Level 4 ATC codes were used because they correspond more granularly to mechanisms of medication action than level 3 ATC codes. For example, level 3 ATC code A02B (Drugs for peptic ulcer and gastro-esophageal reflux disease) contains level 4 ATC codes for proton-pump inhibitors, H2-receptor antagonists, and prostaglandins. The list of medications is then ranked in decreasing order based on OR. For each class, an enrichment score is calculated by walking down the ranked list and tabulating a running deviation from 0 based on the nonparametric Kolmogorov-Smirnov statistic, which tests whether 2 samples belong to the same distribution. 11 For each medication in the class, the running statistic is increased by
where OR i is the odds ratio of medication i within pharmacologic class j and p is a tuning parameter. The denominator is the sum of the absolute values of the natural logarithm of the OR for each medication within the class. The tuning parameter, p, is set to 1 for all analyses in this study. For each medication not in the class, the running statistic is decreased by
where N is the total number of medications in the study and n j is the number of medications in pharmacologic class j.
The enrichment score is then calculated by determining the maximum positive or negative deviation from 0 of the walk. To determine the statistical significance of the enrichment score, permutation methods are used to generate a null distribution of 1000 enrichment scores for each class by randomly rearranging the pharmacologic class labels for each medication. The enrichment score and the null distribution of enrichment scores are standardized for class size by dividing by the standard deviation of the null distribution of each class. The P-value is computed using The P-values are corrected for multiple comparisons using the Bonferroni and false discovery rate approaches. 12, 13 Bonferroni Pvalues are presented for all analyses in this study. Bootstrapping is used to generate 95% confidence intervals for the enrichment score. One thousand bootstrap samples are performed by sampling with replacement.
The MCEA algorithm was programmed using R: A language and environment for statistical computing (Vienna, Austria). 14 Clinical application: pharmacologic class exposure and development of CDI We used the February 2015 update of The Health Improvement Network (THIN) database to study medication associations for CDI using MCEA. THIN consists of the anonymized electronic medical records of a subset of general outpatient practices in the United Kingdom. At the time of this study, THIN contained the outpatient medical records of approximately 11.1 million patients. Data available include demographics, medical diagnoses, and prescriptions. To generate a list of medications with ORs describing the association of the medications with CDI, case-control studies were performed for all medications with >100 prescriptions in 2012. Medications with >100 prescriptions in 2012 were identified using data from a previous study by our group analyzing secular trends of medication prescriptions in the United Kingdom. 15 
Exclusion criteria
Patients without acceptable medical records (incomplete documentation, out-of-sequence birth, registration, death, or transfer dates) were excluded. Patients who were not registered to a THIN practice (eg, temporary residents with stays <3 months, walk-in patients, and visitors) were also excluded. Patients with a diagnosis of CDI within the first 120 days of being entered into the database were excluded to avoid the possibility of misclassification bias from retroactively recorded historical diagnoses 16 and to ensure that each patient had at least 120 days in the database to record baseline covariates and medication exposures.
Identification of cases
Cases of CDI were identified by querying the database for patients >18 years with a Read diagnostic code associated with CDI (Supplementary Table S1 ). Read codes are clinical terminology codes used by general practices in the United Kingdom for clinical documentation. We also identified whether patients meeting the criteria had a CDI diagnosis associated with a hospitalization based on source or location codes (Supplementary Table S2 ) and whether they received a prescription for metronidazole, oral vancomycin, or fidaxomicin within 60 days following the initial diagnosis date. These classifications were used for data reporting only and not for any subgroup analyses. The index date was recorded as the date of CDI diagnosis. Recorded diagnoses of CDI within 60 days of another CDI diagnosis were considered repeat documentation of the initial CDI episode. Recurrent episodes of CDI were considered those that were recorded >60 days from the prior CDI diagnosis. Recurrent episodes of CDI were not analyzed in this study, to maintain independence of cases.
Identification of controls Controls were selected via incidence density sampling from the population of patients who never had a diagnosis of CDI recorded within the database at the time of the index date of the matched case. Four controls were matched to each identified case based on age (within 5 years of the case) and sex. Potential controls who were <18 years of age at the index date were excluded. To be matched, controls must have had at least 120 days of follow-up in the database prior to the index date. 
Definition of exposure
The most frequently prescribed medications in the THIN database have been previously described. 15 The ranked list of prescribed pharmacologic classes is presented in Supplementary Table S3 . Cases and controls were assessed for exposure to each of the medications that had >100 prescriptions in THIN in 2012. Exposure was defined as one or more prescriptions recorded in the database in the interval between 0 and 60 days prior to the index date. The 60-day interval was selected to capture both short-and medium-term medication effects. Both prescription refills and new prescriptions were considered exposed. In the United Kingdom, medication prescriptions are frequently provided in 28-to 30-day intervals, so for a patient using a medication chronically, exposure would be captured by identifying a refill within the 60-day exposure window. A sensitivity analysis where the exposure window was increased to 120 days prior to the index date was also performed to better capture longterm medication effects.
Additional covariates
Additional covariates of year of index date, inflammatory bowel disease diagnosis, presence of diagnoses comprising the Charlson-Deyo index (analyzed as an ordinal variable with a level of 0, 1, or !2), 17,18 number of medications used within the exposure window, age at index date, and hospitalization within 90 days prior to the index date were collected for each patient. The presence of hospitalization was determined by any diagnostic code with a THIN source or location code indicating hospitalization. A sensitivity analysis where the hospitalization window was increased to 180 days prior to the index date was also performed. A directed acyclic graph of the relationship of covariates with the exposure and outcome variables is presented as Figure 3 .
Statistical analyses
Adjusted conditional logistic regression of case status for each of the medications with >100 prescriptions in THIN in 2012 was performed to generate a list of ORs for input into the MCEA algorithm.
To reduce the dimensionality of the regression for medications with low usage, the covariates listed above were incorporated into a propensity score for medication exposure. 19 The propensity score was included as a covariate in the conditional logistic regression analysis without trimming. ORs generated by the adjusted conditional logistic regression analyses were ranked in descending order and inputted into the MCEA algorithm. To reduce the influence of medications with low usage, medications with standard errors of the OR less than the 5th percentile and greater than the 95th percentile were excluded from the analysis.
To determine the association of pharmacologic classes as a whole with CDI, conditional logistic regression for case status was performed for each pharmacologic class with at least 3 medications with at least 100 prescriptions in THIN in 2012. ORs were adjusted using the same covariates used in the analysis of individual medications, with the exception of number of prescribed pharmacologic classes substituting for number of prescribed medications.
For analyses of individual medications, we set a to the Bonferroni-corrected level of 0.05/number of medications, and for analyses of pharmacologic classes, we set a to the Bonferronicorrected level of 0.05/number of classes.
Power calculation
We anticipated identifying 10 000 cases of CDI. Based on previous research showing 832 medications with >100 prescriptions in THIN in 2012 comprising 361 classes, 15 we set the Bonferronicorrected a to 0.00006 (0.05/832) for the analysis of medication ORs. Using McNemar's test, an intracluster correlation of 0.2, and a 1:4 case-to-control ratio, this would provide 80% power to detect an OR >1.3 for a medication with 1% exposure among controls. For a medication with 5% exposure among controls, this would provide 80% power to detect an OR >1.1.
Simulation methods
To determine the sensitivity and specificity of the MCEA algorithm, we designed a simulation experiment using the R statistical environment. We tested the sensitivity and specificity of MCEA and logistic regression over effect sizes from OR ¼ 0.1 to OR ¼ 2.0. Please see Supplementary Methods for a full description of simulation methods.
RESULTS
Prevalence of medication exposure in THIN
We identified 832 medications that had at least 100 prescriptions in THIN during 2012. These medications comprised 361 pharmacologic classes as defined by level 4 ATC codes. The median number of medications per class was 3, with an interquartile range (IQR) of 2-5. All pharmacologic class analyses were performed on the medications that were part of classes with !3 medications. By applying this restriction, we identified 504 medications comprising 110 classes. The median number of medications per class was 5 (IQR: 4-6).
Ranking the 832 identified medications according exposure among cases, the prevalence of exposure for the 50th percentile Figure 3 . Directed acyclic graph illustrating relationship of covariates for case-control studies. Adjusting for the propensity score (PS) to receive the medication blocks all confounding paths between the medication exposure (med) and Clostridium difficile infection (CDI). Other covariates include patient age (age), Charlson score category (Charl_score_cat), number of medications prescribed within 60 days before the index date (numMeds), inflammatory bowel disease (IBD), hospitalization within the last 90 days (hosp_90days), and whether the patient lives in a long-term-care facility. Although long-term-care facility is an unmeasured covariate, its potential to confound the relationship between med and CDI is blocked by adjusting for the propensity score. medication was 0.107% (IQR: 0.023-0.452%). Among controls, the prevalence of exposure for the 50th percentile medication was 0.069% (IQR: 0.014-0.268%). Ranking the 361 identified pharmacologic classes according to exposure among cases, the prevalence of exposure for the 50th percentile class was 0.296% (IQR: 0.054-1.228). Among controls, the prevalence of exposure for the 50th percentile class was 0.164%.
Case-control study demographics
We identified 20 785 patients with Read codes for CDI; 2126 patients were excluded because they had CDI recorded within 120 days of database entry and 952 patients were excluded because they were <18 years old at the time of CDI diagnosis. This left 17 707 cases for analysis. Of the cases, 5696 (32%) had a lab-specific CDI diagnosis Read code, 900 (5%) had a Read code indicating CDI diagnosed during hospitalization, and 2721 (14%) had documented outpatient prescriptions for CDI treatment. All 17 707 cases were matched to 4 controls. Cases and controls both had a median age of 70, and 60% were female. The baseline characteristics of cases and controls are presented in Table 1 .
Association of individual medications with CDI
The 10 largest and 10 smallest ORs describing the association of each of the 832 analyzed medications with CDI are presented in Table 2 . Loperamide was the medication with the highest OR, and the antibiotics norfloxacin, ciprofloxacin, and clindamycin ranked 8-10. Sequential preparation of progesterone and estrogen was the medication with the smallest OR. None of the medications with the 10 smallest ORs had statistically significant association with CDI. The complete list of associations is presented in Supplementary  Table S4 .
Association of pharmacologic classes with CDI analyzed by logistic regression
When the medications belonging to pharmacologic classes with !3 medications were analyzed by logistic regression, 47 of 110 analyzed classes were found to have statistically significant association with CDI, even after using the Bonferroni adjustment. Of the 47 significant classes, the 10 classes with the highest ORs and the 10 classes with the lowest ORs are presented in Table 3 . Antipropulsive antidiarrheal medications had the highest OR and the antibiotic classes fluoroquinolones, local oral antibiotics, and first-generation cephalosporins also appeared in the top 10. Only 5 of the 10 classes with the smallest ORs had a statistically significant association with CDI. These included dihydropyridine derivatives, beta blockers, and sulfonylureas. The complete list of associations is presented in Supplementary Table S5 .
In a sensitivity analysis where we adjusted the exposure window to 120 days from 60 days, logistic regression again identified 47 of 110 analyzed classes as having a statistically significant association with CDI after Bonferroni adjustment. The full list of class associations in the 120-day sensitivity analysis is presented in Supplementary Table S6 .
Association of pharmacologic classes with CDI analyzed by MCEA
When the medications belonging to pharmacologic classes with !3 medications were analyzed by MCEA, only 2 classes, fluoroquinolones and heparin products, were found to have a statistically significant association with CDI after Bonferroni adjustment. The 15 classes with the lowest P-values are presented in Table 4 . The complete list of associations is presented in Supplementary Table S7. In a sensitivity analysis where we adjusted the exposure window to 120 days from 60 days, MCEA again identified only fluoroquinolones and heparin products as having a statistically significant association with CDI after Bonferroni adjustment (full results are presented in Supplementary Table S8) .
We performed an additional sensitivity analysis where we controlled for hospitalizations that occurred within 180 days instead of 90 days to better account for patients who received the standard 6-month treatment with heparin products for deep vein thrombosis/ pulmonary embolism. In this analysis, MCEA identified only fluoroquinolones as associated with CDI (full results are presented in Supplementary Table S9 ).
Simulation results
In our simulation study assessing the sensitivity and specificity of MCEA vs logistic regression across a range of pharmacologic class ORs for association with CDI, we found MCEA to have superior specificity. Across all ORs, the specificity of logistic regression was approximately 50%, while MCEA had specificity ranging from 0.87 when the OR was 0.1 to 99% when the OR was 1. MCEA also had equal or better sensitivity compared to logistic regression, except for ORs between 0.7 and 1.1. Figure 4 illustrates the simulation results.
DISCUSSION
In this study, we describe and demonstrate MCEA, a novel signalto-noise ratio enhancement algorithm used to simultaneously study multiple pharmacologic exposures for association with disease outcome in electronic health record data. In a clinical study of medication associations with CDI using data from the THIN database, we show that logistic regression, a traditional analytic method for analyzing electronic health data, identified 47 of 110 tested pharmacologic classes as statistically significantly associated, even after accounting for multiple hypothesis testing using the Bonferroni approach. To date, the only medications that have been reproducibly shown to be associated with CDI are antibiotics with activity against Gram-negative organisms, 6 indicating that many of the associations identified by logistic regression are likely spurious. In contrast, when MCEA was applied to the clinical data from THIN, only 2 pharmacologic classes, fluoroquinolones and heparin products, were found to be statistically significantly associated with CDI. Notably, fluoroquinolones are the most strongly associated medication exposure with CDI, 20 especially the hypervirulent NAP1 strain. 21 The association with heparin products in the MCEA analysis was no longer present when controlling for hospitalizations that occurred within 180 days instead of 90 days, indicating that the association with heparin products was due to residual confounding from hospitalized patients who received courses of anticoagulation for >90 days, likely for treatment of deep venous thrombosis/pulmonary embolism. Notably, acidsuppressing medications such as proton-pump inhibitors and H2-receptor antagonists were not associated in the MCEA analysis. The literature on whether these medications are associated with CDI shows mixed results. 22 We plan further studies with MCEA in different databases to confirm the lack of association of these medications with CDI. Additionally, using simulation studies, we show that MCEA has superior specificity compared to logistic regression across all tested effect sizes and equal or better sensitivity for all effect sizes except those close to null. Overall, these results indicate that MCEA may be an effective tool for studying multiple pharmacologic exposures simultaneously using electronic health record data. Previous studies aiming to study multiple pharmacologic exposures simultaneously were limited by poor signal-to-noise ratio. For example, Ryan et al. 23 studied 118 medication exposures for association with liver injury, myocardial infarction, renal failure, and gastrointestinal hemorrhage. Although they were able to reproduce most known medication-outcome associations, there were also several associations that had not previously been described and had no biologically plausible mechanism for association. Overall, for each disease tested, approximately 10% of studied medications were statistically significant at the Bonferronicorrected alpha. Others have attempted to apply elements of the Bradford Hill criteria for causality to improve the specificity of study results. For example, in a study of drug-drug interactions, Banda et al. 24 aggregated results from multiple drug databases to assess for reproducibility. This approach was limited by poor agreement among databases. Han et al. 25 applied biologic plausibility to study results by comparing the results of an electronic health record screen for drug-drug interactions with theoretical pharmacokinetics data, but the results from the two methods did not match, limiting the ability to draw conclusions. Our approach, MCEA, may add biologic plausibility to identified associations by aggregating results by pharmacologic class. Associations identified by MCEA may indicate that there is potentially a molecular characteristic shared by medications in a class that causes or mediates the medicationdisease association. Before MCEA can be used as a signal-to-noise ratio enhancement tool for the analysis of data from electronic health records, there are some limitations in our clinical application study that will need to be addressed. First, because the THIN database only contains outpatient prescription data, we were unable to assess whether intravenously administered medications, which are mostly prescribed during hospitalization, are associated with CDI. This may explain why pharmacologic classes that were previously shown to be associated with CDI, such as cephalosporins, carbapenems, and aminoglycosides, were not identified by MCEA. The lack of inpatient medication administration data in THIN limits our ability to use the clinical study of CDI to confirm the sensitivity of MCEA demonstrated in our simulation studies. Second, like many observational studies utilizing electronic health data, our outcome or exposure may have been misclassified. Previous studies have demonstrated that diagnostic codes have high sensitivity and specificity for CDI, 26 but this has not been confirmed specifically in THIN. We were only able to link 5% of CDI cases with hospitalization and only 14% with treatment. If patients who should have been controls were misclassified as cases, our results would be biased toward the null, but we would not expect that to result in so many false positive associations in the logistic regression analysis. A possible explanation for the low percentage of CDI patients with confirmed prescriptions for treatment is that these patients were prescribed a complete course of CDI treatment at hospital discharge. Unless the patient's general practitioner recorded the prescription in the medical record after discharge, these would not be captured in THIN. Third, like many pharmacoepidemiology studies, this study is subject to misclassification of medication use. THIN records medication prescriptions instead of medication dispensings. If there is a systematic difference in the likelihood of patients classified as cases filling prescriptions relative to controls, our study results may be biased. Using a casecontrol design with incidence-density sampling similar to the methods used in this study, our group previously studied the validity of pharmacologic data in UK electronic health records, showing that these data are suitable for research. 27 Finally, since we used the 2012 version of THIN to identify the most frequently used prescriptions, medications introduced from 2013 to 2015 are not captured in our analysis. Additionally, medications that were reclassified as over-the-counter may have greater misclassification of exposure in the later years of the analysis. This would reduce our power to identify association with CDI for these types of medications. We acknowledge that MCEA may not be suitable to study all mechanisms of medication-disease associations. Aggregating medication associations by pharmacologic class may not identify effects that are mediated by chemical properties that are unique to a single member of a pharmacologic class. Additionally, toxicity that results from multiple or cumulative exposure may not be detected using MCEA. Also, MCEA considers combination medications, such as ACE-inhibitor plus diuretics, to have separate effects from the component medications. In the future, we will improve the MCEA algorithm to account for the relationship of combination medications with their individual components. Finally, because we defined a pharmacologic class as level 4 ATC classes with !3 medications, we could not study antibiotics with only one member per class, like clindamycin. Increasing the minimum number of medications per class for inclusion would increase the statistical power for each class, but would appreciably reduce the number of medication classes that could be studied (Supplementary Table S10 ). In contrast, we would expect that decreasing the requirement for inclusion to only 2 medications would reduce the specificity.
In future work, we will address these limitations by repeating clinical validation studies of MCEA in databases that contain inpatient medication administration data and laboratory values that can be used to confirm the accuracy of diagnostic codes. Additionally, before MCEA can be used to identify novel associations between medication exposure and diseases, we will need to reproduce the findings reported here using other disease outcomes.
CONCLUSION
MCEA is a novel algorithm to improve signal-to-noise ratio in observational studies of the association of multiple medication classes with a single outcome. MCEA has superior specificity compared to logistic regression, as demonstrated in a clinical study of CDI and in a formal simulation. Because MCEA analyzes multiple pharmacologic classes simultaneously with high specificity, it could potentially be used as an adjunctive technique for active adverse effect surveillance systems such as the US Food and Drug Administration's Sentinel system. 28, 29 MCEA could also be used to generate hypotheses for both favorable and harmful effects of medications that can be validated in subsequent confirmatory studies.
DISCLOSURES
FIS has received research funding from Takeda, outside of the scope of this research. JDL has served as a consultant to AbbVie, Lilly, Samsung Bioepis, AstraZeneca, Amgen, MedImmune, Pfizer, Takeda, Merck, Nestle Health Science, Gilead, UCB, and Johnson & Johnson Consumer Inc, all outside the scope of this research. He has received research funding from Nestle Health Science and Takeda, outside the scope of this research. RM has served as a consultant for Genentech-Roche, outside of the scope of this research. RKV, HL, and JHM have no conflicts of interest to disclose.
WRITING ASSISTANCE
None
AUTHOR CONTRIBUTIONS
RKV and JDL had full access to all the data in the study and take responsibility for the integrity of the data and the accuracy of the data analysis.
• Study concept and design: RKV, JDL, HL, JHM.
• Acquisition, analysis, and interpretation of data: all authors 
DATA AVAILABILITY
Computer code used for the medication class enrichment analysis and for analysis of data from The Health Improvement Network (THIN) is available by request from the corresponding author. The medication class enrichment algorithm will be distributed as a package for use in the R statistical programming environment after publication. The data from THIN are not available for distribution because they require a data-use agreement with QuintilesIMS, the proprietor of THIN.
SUPPLEMENTARY MATERIAL
Supplementary material is available at Journal of the American Medical Informatics Association online.
